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Systematic discovery of germline cancer
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The genetic causes of cancer include both somatic mutations and inherited germline variants.
Large-scale tumor sequencing has revolutionized the identiﬁcation of somatic driver altera-
tions but has had limited impact on the identiﬁcation of cancer predisposition genes (CPGs).
Here we present a statistical method, ALFRED, that tests Knudson’s two-hit hypothesis to
systematically identify CPGs from cancer genome data. Applied to ~10,000 tumor exomes
the approach identiﬁes known and putative CPGs – including the chromatin modiﬁer
NSD1 – that contribute to cancer through a combination of rare germline variants and somatic
loss-of-heterozygosity (LOH). Rare germline variants in these genes contribute substantially
to cancer risk, including to ~14% of ovarian carcinomas, ~7% of breast tumors, ~4% of uterine
corpus endometrial carcinomas, and to a median of 2% of tumors across 17 cancer types.
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Inherited risk for cancer was ﬁrst proposed by Broca because ofthe history of breast cancer in 15 members of his wife’sfamily1. However, it was Alfred Knudson’s ‘two-hit’ hypoth-
esis that initiated the identiﬁcation of cancer predisposition genes
(CPGs) in which deleterious germline variants have been asso-
ciated with increased risks of cancer2. Through a statistical ana-
lysis of retinoblastoma cases, Knudson proposed that ‘two hits’ to
the DNA were necessary to cause cancer and that in children with
the inherited form of the disease the ﬁrst hit is inherited variation
in one allele of the gene with the ‘second hit’ being a somatically
acquired inactivation of the second allele3. This model was con-
ﬁrmed by the identiﬁcation of biallelic inactivation of the RB1
gene in retinoblastoma and indeed most known high-penetrance
inherited cancer predisposition variants are loss-of-function
mutations in recessively acting tumor suppressor (TS) genes2,4.
Tumor sequencing has led to the systematic identiﬁcation of
somatically acquired cancer driver alterations5. In contrast,
to-date, sequencing has had limited success in identifying
CPGs6–9, with most CPGs having been identiﬁed from high-
penetrance variants in family studies2,10. As for other genetic
diseases, an important reason for this is the low statistical
power to detect associations between rare genetic variants and
disease risk in genome-wide analyses, even in large population
studies11–13.
We reasoned that Knudson’s original two-hit model provides a
more speciﬁc hypothesis that can be tested genome-wide to
identify CPGs from tumor sequencing data. We present a method
to achieve this and its application to the analysis of ~10,000
tumor exomes.
Results
ALFRED: discovery of putative cancer predisposition genes. To
systematically identify CPGs from cancer genome data, we
devised a statistical method termed ALFRED (for allelic loss
featuring rare damaging) that tests Knudson’s two-hit hypothesis
genome-wide (Fig. 1 and Supplementary Fig. 1a).
To predict loss of heterozygosity (LOH) in each tumor from
exome sequencing data, ALFRED uses all germline variants in
coding and noncoding regions within each gene with sufﬁcient
sequencing coverage (expanding the analyzed region to 100 kb for
genes shorter than this size) and then tests for allelic imbalance
(AI), a change in variant allele frequencies (VAFs) in the tumor
compared to in the matched non-tumor sample from each
patient, Supplementary Fig. 2, see Methods).
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Fig. 1 Systematic discovery of cancer predisposition genes using the two-hit hypothesis. a Knudson’s two-hit model. b Principal components analysis (PCA)
and clustering using common variants to stratify the population of cancer patients. c ALFRED test 1 quantiﬁes the enrichment of rare damaging germline
variants (RDGVs) in samples with putative LOH events (estimated via allelic imbalance, AI) using randomization within the PCA clusters (N= 10) to
control for population structure. d ALFRED test 2 quantiﬁes the enrichment of putative LOH events where the RDGV frequency increases (≥10% excess in
tumors over normal samples) in samples with AI, using a binomial test. The ALFRED P-value is the less signiﬁcant P-value of the two tests. c and
d show the example data for BRCA1 in a pan-cancer analysis
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ALFRED classiﬁes germline variants (identiﬁed from non-
tumor DNA; mainly from blood) as potentially damaging if they
have a minor allele frequency (MAF) <0.1% in the Exome
Aggregation Consortium (ExAC) database14 and result in a
premature stop codon, frameshift, splice site inactivation, or
missense change predicted as deleterious by the MetaLR
consensus algorithm15.
ALFRED performs two tests using these rare damaging
germline variants (RDGVs) and using putative LOH events,
which were inferred via AI between the tumor sample and a
matched normal sample (see Methods). The ﬁrst test is for an
excess of RDGVs in a gene in tumor samples with putative
LOH of the gene, compared to the frequency of RDGVs in
the samples without LOH in that gene. This test uses a
stratiﬁed randomization procedure to account for population
structure. The second test is for the direction and magnitude of
AI, testing for an increase in the frequency of the RDGV allele
in the samples with AI (see Methods). We conservatively use
the less signiﬁcant P-value of these two tests as the ﬁnal
ALFRED P-value (Fig. 1).
Application of ALFRED to ~10,000 human tumors. We applied
ALFRED to 10,043 tumor exomes from 30 cancer types
sequenced as part of The Cancer Genome Atlas (TCGA) project
(Supplementary Data 1). The frequency of AI varied widely
across samples and tumor types with a median of 7.1% of genes
affected in each tumor by our estimates (Supplementary Figs. 4
and 5a and Supplementary Data 2). Ovarian carcinoma (OV) had
the highest frequency of AI (median= 17.8% of genes affected,
ﬁrst quartile (Q1)= 15.2%, third quartile (Q3)= 21.1%). Lung
squamous cell carcinomas (LUSCs) had the second highest fre-
quency (13.7%), while kidney renal clear cell carcinoma (KIRC,
3.2%), prostate adenocarcinoma (PRAD, 2.4%), and thyroid
carcinoma (THCA, 1.1%) had the lowest number of genes
affected per tumor (Supplementary Fig. 5a).
We ﬁrst applied ALFRED in a pan-cancer analysis using all
10,043 samples and testing for an enrichment of RDGVs in
samples with AI for the 2983 genes carrying at least ﬁve RDGVs
(of which at least one with ≥10% increased VAF in tumor
compared to matched normal sample) and with an above-average
(10%) frequency of AI in the gene in the complete data set (see
Methods; Supplementary Data 3).
We ﬁrst observed that previously known CPGs gathered from a
recent literature review2 and from the Cancer Gene Census10
showed a signiﬁcant enrichment of RDGVs in samples with AI
compared to samples without AI (P= 2.2 × 10−3 by
Mann–Whitney test; Fig. 2a). One example of this is the genes
causing Lynch syndrome (a deﬁciency in DNA mismatch repair),
which are robustly enriched as a set (P= 3.6 × 10−3 by
Mann–Whitney test). This extends to DNA repair genes in
general (P= 3.7 × 10−2 by Mann–Whitney test; Supplementary
Fig. 7a).
At a false discovery rate (FDR)= 0.2, 13 genes were
individually enriched for RDGVs in tumors with AI and exhibited
AI in favor of the variant allele (henceforth referred to as
‘ALFRED genes’) (Supplementary Data 3). These 13 genes
included three well-known CPGs: BRCA1 (relative risk (RR) for
the excess of AI events in samples with RDGVs compared to
without RDGVs= 3.74, 42.2% of patients with RDGVs also have
AI versus 16.0% of patients without RDGVs that have AI,
ALFRED P < 2.0 × 10−6), ATM (RR= 2.98, 32.8% versus 13.8%,
P < 2.0 × 10−6), and BRCA2 (RR= 2.25, 37.6% versus 21.5%,
2.0 × 10−6) (Fig. 2b; Supplementary Fig. 5c–f). The RDGVs in the
13 ALFRED genes were mainly contributed by deleterious
missense mutations (mean of 80%; Supplementary Fig. 8a). The
enrichment for known CPGs in this set of 13 genes is very strong
(odds ratio (OR)= 29.7, Fisher’s exact test P < 3.99 × 10−4),
demonstrating that, despite LOH potentially being selected for in
tumors for multiple reasons16, speciﬁcally testing for the
combination of LOH and RDGVs can identify putative new
CPGs without the use of sequencing data from control individuals
(Fig. 2c).
We also used ALFRED to analyze each of the 17 cancer types
with >300 samples in isolation (82% of the samples in total,
Supplementary Data 4). Four genes (six associations: BRCA1,
BRCA2, and ANK2 in ovarian cancer, BRCA1, BRCA2, and
ATM in breast cancer) were signiﬁcant in at least one
individual cancer type (FDR= 0.2, referred to as ‘individual
cancer ALFRED genes’) and all four genes were also signiﬁcant in
the pan-cancer analysis (Fig. 2d and Supplementary Data 4).
BRCA1 and BRCA2 were signiﬁcant genes in ovarian cancer
(BRCA1, RR of AI events in samples with RDGVs compared to
without RDGVs= 23.3, 94.1% of patients with RDGVs also
have AI versus 53.1% of patients without RDGVs, P < 2.0 × 10−6;
for BRCA2, RR= 4.7, 83.3% versus 49.3%, P < 9.3 × 10−4) and
in breast cancer (BRCA1, RR= 2.5, 48.6% versus 26.6%,
P < 4.6 × 10−3; BRCA2, RR= 3.6, 57.1% versus 27.9%,
P < 1.3 × 10−3). Another known cancer susceptibility gene,
ATM, was also detected in breast cancer17 (RR= 2.96, 52.2%
versus 26.3%, P= 3.5 × 10−3).
We observed similar results when examining only rare protein
truncation variants (PTVs, encompassing splicing variants,
frameshift indels, and nonsense variants) (Supplementary Fig. 8).
Five genes were enriched for rare PTVs in tumors with AI and
exhibited AI in favor of the variant alleles, of which three genes
(BRCA1/2 and ATM) overlap with our initial ALFRED design
(RDGVs based model), while TNFSF13B (excess of rare PTVs in
AI samples over samples without AI samples= 0.37%, PTV-
ALFRED P= 1.85 × 10−3) and ACACB (excess= 0.41%, PTV-
ALFRED P= 3.02 × 10−3) are newly detected (Supplementary
Fig. 8b). Previously known CPGs also showed a signiﬁcant
enrichment of rare PTVs in samples with AI compared to
samples without AI (P= 3.7 × 10−2 by Mann–Whitney test,
Supplementary Fig. 8c). Furthermore, we also used a PTV-
ALFRED model to analyze each of the 17 cancer types and three
genes were signiﬁcant in at least one individual cancer type (FDR
= 0.2, four associations: BRCA2 and ATM in breast cancer,
BRCA1 and BRCA2 in ovarian cancer) (Supplementary Fig. 8e
and g).
Sub-sampling and repeating the pan-cancer analysis revealed
that the number of signiﬁcant genes increases with the number of
samples (R2 between square root of sample size and number of
ALFRED genes= 0.8, Supplementary Fig. 9e), suggesting that
many more ALFRED genes will be discovered as more cancer
samples are analyzed.
Somatic cancer genes also carry germline risk variants. We next
tested whether cancer genes identiﬁed by recurrent somatic
alterations but not previously reported to harbor inherited risk
variants also showed evidence of carrying recessive RDGVs that
predispose to cancer via a two-hit mechanism. Somatic cancer
genes known to act via gain-of-function alterations (oncogenes;
OGs) showed no signiﬁcant enrichment for RDGVs in samples
with AI (Fig. 2a). In contrast, and consistent with the two-hit
hypothesis, somatic cancer genes classiﬁed as TSs showed an
enrichment for RDGVs in samples with AI (P= 2.2 × 10−2 by
Mann–Whitney test, Fig. 2a). This enrichment was robust when
analyzing somatic drivers reported by different studies and more
strongly enriched in higher-conﬁdence TSs that were reported in
multiple data sets (P= 3.08 × 10−3 by Mann–Whitney test;
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Supplementary Fig. 7a, b). This indicates that multiple genes
currently only known to be affected by somatic alterations also
contribute to cancer because of rare, damaging germline variants.
At an FDR= 0.2, four genes previously reported as somatic
cancer genes were signiﬁcantly enriched for AI in samples with
RDGVs in the pan-cancer analysis (OR= 5.1, Fisher’s exact test
P= 2.1 × 10−2; Fig. 2c): MYH1 (RR= 2.3, 25.3% versus 12.6%,
P < 2.0 × 10−6), NOP56 (RR= 4.6, 50% versus 17.8%, P < 2.12 ×
10−4), NSD1 (RR= 2.0, 22.2% versus 12.4%, P < 2.56 × 10−4),
and PRPF8 (RR= 3.2, 57.1% versus 29.1%, P < 7.76 × 10−4).
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Germline variants in ALFRED genes increase cancer risk. We
next compared the frequencies of RDGVs in the 13 ALFRED
genes in 10,031 cancer patients to the frequencies in 4,624 control
exomes compiled from three different studies (see Methods;
Supplementary Fig. 1b)18–20. We again used a randomization
procedure to control for population structure, estimated from
common variants (Fig. 3a and Supplementary Fig. 3c–e), and,
together with additional quality control steps (see Methods), we
only considered variants in regions with sufﬁcient sequencing
coverage in both cases and controls (Supplementary Fig. 3f).
In a pan-cancer analysis, RDGVs were enriched 8.5-fold in
cases compared to controls in the ALFRED genes relative to other
genes (4.4-fold after excluding known CPGs from ALFRED
genes, Fig. 3b, average excess of RDGV-bearing individuals
in cases over controls= 0.23% of the population per each
ALFRED gene, P < 1.87 × 10−2 by Mann–Whitney test, Fig. 3b;
Supplementary Table 1). This was similar to the enrichment
for RDGVs across all previously known CPGs (average excess
per gene= 0.11% of the population, P < 2.04 × 10−4 by
Mann–Whitney test) and similarly so when excluding the
three known CPGs that overlapped with ALFRED genes (average
excess per gene= 0.12%).
Five of the pan-cancer ALFRED genes (BRCA1, ATM, BRCA2,
NSD1, and TPCN2) were individually signiﬁcantly enriched for
RDGVs in cases versus controls (P < 0.05 by pan-cancer case-
control analysis, Fig. 3c) with one additional gene, NIPAL3,
marginally signiﬁcant (P= 0.07 by case-control analysis) (Fig. 3c).
In addition, three of the six individual cancer type ALFRED genes
were enriched for RDGVs in cases of the matched cancer type
versus controls (P < 0.05, Fig. 3d; Supplementary Data 6): BRCA1
and BRCA2 in breast invasive carcinoma (BRCA) and OV, and
ATM in BRCA. Eight of the 13 ALFRED genes with a nominally
signiﬁcant association between RDGVs and AI in at least one
cancer type in the ALFRED analysis (P < 0.05; Fig. 2d and
Supplementary Data 5) also had an enrichment of RDGVs in a
matched cancer type compared to in controls (P < 0.05, Fig. 3d;
Supplementary Data 6): ATM in colon and rectum adenocarci-
noma (COADREAD), lung adenocarcinoma (LUAD) and in
PRAD, NSD1 in OV, and TPCN2 in uterine corpus endometrial
carcinoma (UCEC).
We also validated the rare PTV-ALFRED model by comparing
the frequencies of rare PTVs in the ﬁve PTV-ALFRED genes in
cancer patients to the frequencies in control samples. Three of the
pan-cancer PTV-ALFRED genes (BRCA1, BRCA2, and ATM)
and all four individual cancer type PTV-ALFRED genes were
individually signiﬁcantly enriched for rare PTVs in cases versus
controls (nominal P < 0.05) (Supplementary Fig. 8f and g).
To evaluate the robustness of this result, we randomly split the
TCGA samples into two groups, using one half of the data for the
ALFRED analysis (discovery set) and the other half for the case-
control analysis (validation set), repeating the split ﬁve times.
Overall, ALFRED genes presented similar effect sizes to the
original ones found on the entire TCGA (Pearson correlation
between excess of RDGVs in AI samples ranged from 0.79 to 0.82;
Supplementary Fig. 9a) and P-values (Pearson correlation
between ALFRED −log10 P-values, 0.71–0.76; Supplementary
Fig. 9b). The effect sizes (Supplementary Fig. 9c) and −log10 P-
values (Supplementary Fig. 9d) in the case-control analyses were
also highly correlated to the original ones (R= 0.88–0.89 and
R= 0.87–0.89), suggesting robust results.
Variants in ALFRED genes predispose to speciﬁc cancer types.
To further investigate the cancer type-speciﬁcity of the cancer risk
conferred by rare damaging germline variation in the ALFRED
genes, we tested whether RDGVs in these genes were enriched in
tumors of one type compared to in all of the other tumor samples
(e.g. in ovarian cancer compared to non-ovarian cancer; Fig. 4a).
If RDGVs in a gene contribute similar risk to many cancer types
then they would not show enrichment in this test. However, if the
RDGVs strongly predispose to one or a few cancer types, they
should be enriched in patients with these cancer types compared
to in other cancer patients. We performed two analyses: the ﬁrst
using all samples and the second restricted to tumor samples with
AI in the gene of interest. In total, 8 of the 13 ALFRED genes had
an association (unadjusted P < 0.05) between RDGVs and AI in at
least one of the 17 individual cancer types (median 2 cancer types
per gene). Four of these eight genes were also signiﬁcantly enri-
ched overall for RDGVs in the matched cancer type compared to
in other cancer types (P < 0.05, Fig. 4a; Supplementary Data 7)
with six genes enriched when only considering samples with AI
(Fig. 4b and Supplementary Data 8). For example, RDGVs in
BRCA1 and BRCA2 were, as expected, signiﬁcantly enriched in
OV and BRCA compared to in all the other cancer samples
(BRCA1, excess of RDGVs in BRCA compared to non-breast
cancer= 2.1%, 95% CI: 1.1–3.1%, excess in OV= 6.7%, 5.1–8.2%;
BRCA2, excess in BRCA= 1.3%, 0.49–2.1%; excess in OV= 3.9%,
2.7–5.1%).
In total, therefore, seven of the eight ALFRED genes with a
nominally signiﬁcant association between RDGVs and AI in at
least one cancer type in the ALFRED analysis also had a
signiﬁcant enrichment (unadjusted P < 0.05) of RDGVs in that
cancer type over either control samples or other cancer types
(Supplementary Data 9). Moreover, four genes had a signiﬁcant
enrichment in both additional RDGV frequency analyses
(BRCA1, ATM, BRCA2, and NSD1).
The contribution of ALFRED genes to cancer risk. Next, we
estimated the total contribution of RDGVs in the ALFRED genes
to cancer risk by quantifying the excess frequency of ALFRED
gene RDGVs in cancer patients over that in the general popula-
tion. Again, this was adjusted for the expectation based on the
population structure, as determined by a randomization test
(Methods). We examined ALFRED gene sets at different strin-
gency thresholds, and quantiﬁed the excess frequency of RDGV-
bearing cases (cancer patients) while adding genes sequentially
according to their ALFRED P-values for each cancer type
(ordered from the most signiﬁcant gene to least signiﬁcant gene;
Fig. 5), reporting the maximum excess of individuals carrying
RDGVs in cases compared to controls. This was signiﬁcantly
Fig. 2 Pan-cancer and 17 individual cancer type ALFRED analyses. a Enrichment of RDGVs in samples with AI over samples without AI for different gene
sets (*P < 5.0 × 10−2, **P < 5.0 × 10−3). The median value of each gene set is displayed as a band inside each box. The length of each whisker is 1.5 times
the interquartile range (shown as the height of each box). Values lying outside the whiskers are considered outliers. b Excess of RDGVs in samples with AI
plotted against the ALFRED randomization test signiﬁcance for individual genes. Color indicates signiﬁcance and shape represents the type of gene. c The
fraction of different types of gene in the detected genes at varying FDR cut-offs. d ALFRED results in individual cancer types. Enrichments and P-values
are shown in each cancer type for all genes signiﬁcant at FDR= 0.2 in the pan-cancer or in the individual cancer type ALFRED tests. Circle size indicates
excess of RDGVs within a cancer type and color represents the signiﬁcance (P-value). Blue-border circles indicate genes that are signiﬁcantly enriched
(FDR≤ 0.2). The number of cancer types in which each gene has P < 0.05 and the number of genes with P < 0.05 in each cancer type are presented in the
bar plots
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greater than the random expectation in 5 out of 17 individual
cancer types (Fig. 5 and Supplementary Fig. 10a).
The estimates of contribution to cancer risk were markedly
different across cancer types with a median excess of individuals
with RDGVs in cases compared with controls= 2.3% and a range
of 1.4% (head and neck squamous cell carcinoma (HNSC)) to
14.6% (OV). Strikingly, 21.7% of OV patients carried RDGVs in
ALFRED genes, which is an excess of 14.6% over controls (95%
CI: 11.6-17.1%). Other cancer types with a substantial contribu-
tion of RDGVs in ALFRED genes include BRCA (7.0% by excess
of cases versus controls, adjusted to random expectation; 95% CI:
4.7–9.1%) and UCEC (3.8% excess, 95% CI: 1.1–6.2%).
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We next compared the cancer risk contribution of RDGVs in
the ALFRED genes to the contribution of RDGVs in previously
reported CPGs (Supplementary Fig. 10). We ﬁrst focused on the
contribution of RDGVs in the three previously known CPGs that
were also retrieved by ALFRED (BRCA1, BRCA2, and ATM). The
excess of RDGVs in these three CPGs in cases versus controls
suggests that RDGVs in these three genes are implicated in a
median of 1.2% of cancer cases across the 17 cancer types (range:
0.24–11.4%). However, RDGVs in the remaining ten newly
discovered ALFRED genes were estimated to explain a median of
1.8% of cases across cancer types (range: 0.32–4.0%). In OV, for
example, the excess of cancer cases that carry RDGVs in any
ALFRED gene after excluding known CPGs is 4.0% (95% CI:
1.6–5.0%). Similarly, for four other cancer types (bladder
urothelial carcinoma (BLCA), PRAD, THCA, and UCEC), the
ten putative novel ALFRED genes are estimated to explain
approximately 2% of cancer cases. For comparison, the
percentage of cancer cases explained by a general set of 46
previously reported CPGs is 4.9% (median across cancer types;
range 0.8–11.7%). However, the CPGs known to predispose
speciﬁcally to individual cancer types were estimated to
contribute to 1.0% of cases (median across cancer types; range
0–11.4%, Supplementary Fig. 10b). The newly discovered
ALFRED genes therefore appear to contribute more cancer risk
than the previously known CPGs relevant for each cancer type.
To estimate the total proportion of cancer cases attributable to
rare germline risk variants for each cancer type, we combined the
ALFRED genes with the previously reported CPGs (for any
cancer type). In total, RDGVs in these 56 genes explain a median
of 5.4% of cancer cases across the 17 cancer types (excess
frequency of cases with a RDGV over frequency of controls,
adjusted to a random expectation; range 2.3–15.2%). For instance,
a total of 15.2% (95% CI: 12.1–17.7%) of OV and 9.3% of BRCA
cases (95% CI: 6.2–12.4%) can be explained by RDGVs in the
56 genes (Supplementary Fig. 10b).
Discussion
The two-hit hypothesis has served as a framework for cancer gene
discovery for over 40 years3,4. Here we have shown that this
classic insight still provides a powerful hypothesis for the dis-
covery of CPGs and, in particular, that it can be used to discover
CPGs from cancer exomes without the use of control samples.
Only three of the genes identiﬁed by ALFRED (BRCA1,
BRCA2, and ATM) are known CPGs reported in two large-scale
literature surveys of CPGs identiﬁed through family studies2,10.
Our results suggest that multiple somatic cancer drivers and
putative new genes also harbor germline genetic variants that
predispose to cancer in the general population. For example, the
histone H3 lysine 36 methyltransferase NSD1 was the second
most signiﬁcantly enriched gene in our case–control analysis with
an excess of RDGVs in cases compared with controls= 0.72%
(P < 1.14 × 10−3, 95% CI: 0.27–1.2%). This suggests that RDGVs
in NSD1 are causally implicated in ~0.72% of cancers, a similar
magnitude of effect as we observe for the well-known cancer
predisposition genes BRCA1 (0.64%) and ATM (0.68%). Genome
sequencing has previously established NSD1 as a somatically
mutated cancer driver in HNSC21 and LUSC22, and recurrently
silenced by methylation in renal cell carcinoma23,24. Here we have
presented evidence that NSD1 also carries germline cancer pre-
disposition variants. Loss-of-function germline variants in NSD1
cause Sotos syndrome, a rare genetic disorder characterized by
tissue overgrowth during the ﬁrst years of life25. However, the
variants in NSD1 enriched in cancer patients are distinct from the
variants that cause Sotos syndrome (Supplementary Fig. 12h) and
they are much less likely to be truncation variants (OR= 151.8,
Fisher’s exact test P < 2.1 × 10−40), suggesting different mechan-
isms or allele-strengths underlie cancer predisposition and Sotos
syndrome.
Considered as a set, RDGVs in the ALFRED genes can explain
a substantial proportion of the cancer cases analyzed by the
TCGA project: a median of 2.3% across the 17 individual cancer
types with sufﬁcient sample sizes. However, in several cancers the
contribution is substantially higher, with 14.6% of OV, 7.0% of
BRCA, and 3.8% of UCEC cases attributable to RDGVs in these
genes. Including additional known CPGs further increases the
estimate of the proportion of cases attributable to RDGVs: a
median of 5.4% across the 17 individual cancer types, with 15.2%
of OV, 9.3% of BRCA, and 6.0% of UCEC cases attributable to
RDGVs in ALFRED genes, respectively.
The sequencing of even larger numbers of tumors and control
individuals will further reﬁne these estimates (Supplementary
Fig. 9e) and will also allow a more complete description of the
genes that contribute to cancer when they are inactivated by the
combination of RDGVs and somatic second hits.
Methods
Ethical approval. This paper reanalyzes previously published data sets. All cancer
patient and healthy controls data were handled in accordance with the policies and
procedures of the Centre for Genomic Regulation (CRG).
Tumor exome sequences. The whole-exome sequences of TCGA cancer patients
were downloaded from the Cancer Genomics Hub repository (https://cghub.ucsc.
edu/)26. A pair of BAM ﬁles per person was obtained: one with aligned short reads
derived from the healthy tissue (commonly, blood) of the donor, and another
from the tumor sample from the same person. The corresponding BAMs are
available from TCGA following authorization (dbGaP controlled data set
phs000178). Most of these BAMs (N= 9,774) were pre-aligned to the hg19
assembly. For the remaining 637 samples aligned to hg18, we realigned the reads to
hg19 using Illumina’s Isaac Aligner v1.14 (ref. 27) with default parameters,
except for specifying “--use-bases-mask Y75,Y75” if the aligner run would not
complete at default settings. Clinical data were downloaded directly from the
TCGA Data Portal (https://portal.gdc.cancer.gov). Technical covariates of TCGA
samples (N= 9618) were obtained from Buckley et al.28.
Control exomes. The exome sequences of healthy controls were collected from the
1000 Genomes Project19 (1000g; Phase III high-coverage whole-exome sequences,
the European (N= 500), East Asian (N= 513), African (N= 596), and Admixed
American (N= 345) populations; total N= 1954 exomes), from the Women’s
Health Initiative (WHI; N= 791 European American, N= 614 African
American, and N= 3 of unknown ethnicity; in total, 1408 samples
(dgGaP phs000200) (https://esp.gs.washington.edu/drupal/)20 and from the
UK10K data for N= 1658 samples (http://www.uk10k.org/)18.
Sample-level quality control and genomic region ﬁltering. To ensure
sufﬁcient sequencing coverage, we required that all genomic sites retained for
further analysis have ≥8 reads covering a site in at least 90% of the cancer
samples in each cohort (90 out of 100 randomly chosen samples). The threshold
Fig. 3 Case–control analysis. a Overview of the case–control analysis and randomization procedure used to control for population structure. b Enrichment
of RDGVs in 10,031 cancer cases over 4624 controls for eight gene sets (*P < 5.0 × 10−2, **P < 5.0 × 10−3). The median value of each gene set is displayed
as a band inside each box. The length of each whisker is 1.5 times the interquartile range (shown as the height of each box). Values lying outside the
whiskers are considered outliers. c Pan-cancer case–control P-values for ALFRED genes. d Case–control analyses for eight individual cancer types.
e Enrichment of RDGVs in cancer patients compared with control samples. Bubble plot shows signiﬁcance by case–control analysis within each cancer type
as a –log10 P. Circle size indicates excess of RDGVs within a cancer type and color represents the P-value. Blue-border circles indicate genes that are
signiﬁcantly enriched (P < 0.05). The number of detected cancer types (at P < 0.05) in each gene and the number of detected genes (at P < 0.05) in each
cancer type are presented in the bar plot
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of 8 reads was imposed after having applied the built-in read quality ﬁlters of
Illumina’s Isaac Variant Caller (IVC) software v1.0.6, which was run using
default settings27. Within the TCGA set of cancer cases we considered
sequencing centers (BI, WU, and BCM) separately for the purposes of this analysis,
meaning that there needs to be sufﬁcient sequencing coverage in ≥90% of the
samples from each of the three centers for that genomic site to be allowed.
Moreover, we similarly subdivided the control data sets, requiring ≥8 high-
quality reads in at least 90% of samples from each of the 1000 Genomes
sequencing centers (BI, WU, BCM, and BGI) independently. The WHI was
considered as a single unit in this analysis but was ﬁltered to exclude exome
sequences with low overall sequencing coverage, thereby retaining 1023 WHI
samples and examining only the sites with ≥8 high-quality reads in 90% of a
randomly sampled set of those tumors (Supplementary Fig. 3f). Finally, from
the UK10K cohort, we randomly selected three studies (EGAD431, EGAD433,
and EGAD438) and required sufﬁcient sequencing coverage in 90 of 100 exomes
from each of these. Thus, in total, we made 11 genome masks (3 for TCGA
sequencing centers, 4 for 1000g, 1 for WHI, and 3 for UK10K) and intersected
them to arrive at the ﬁnal set of allowed genome regions for the case–control
analysis, which spans 33.82 Mb of the hg19 reference. This encompasses 14,143
genes that therefore have sufﬁcient sequencing coverage in both TCGA and the
control samples. After ﬁltering to retain only the validated variants in ExAC ver-
sion 0.3 (ref. 14) (http://exac.broadinstitute.org/), the TCGA cancer samples had a
median 4574 nonsynonymous, stop gain and stop loss, splice SNVs and coding
indels in the ﬁltered regions, as annotated by the Annovar tool version 2014-11-12
(ref. 29), while the control samples had a median 4588 variants each, according to
the same deﬁnition.
Importantly, the LOH calling procedure (estimated from AI between the tumor
and the normal sample from cancer patients; see below) were performed only on
the TCGA samples and not on controls, allowing us to use a less stringent
deﬁnition of covered genomic regions speciﬁcally for the purposes of determining
LOH. This was obtained as an intersection of only the three TCGA genomic masks,
thus covering 50.37 Mb of genomic DNA and affording more coverage at the
noncoding intronic and intergenic sites that ﬂank exons. The TCGA cancer
samples had a median of 5154 variants (21,780 all germline variants both coding
and noncoding variants) in the covered regions.
Sample ﬁltering. Before proceeding with further analyses, we removed (1) a set of
222 TCGA samples sequenced with the ABI platform that were outliers in a
principal components analysis (PCA) analysis and (2) the bottom 2% of samples
with the lowest number of called nonsynonymous variants (N= 146 TCGA
samples in the ALFRED analysis; N= 169 including 11 control samples in the
case–control analysis).
Calling germline variants. We called the germline variants (single-nucleotide and
short indels) on the normal and the tumor samples independently using Illumina
IVC27. We used the default IVC conﬁdence threshold (genotype quality score
GQX ≥ 30) on the normal samples to determine the germline variants. Further-
more, we discarded all indel variants covered with less than 10 reads and when the
allelic frequency was signiﬁcantly different from 50% and also from 100% in the
normal sample (Chi-square test P > 0.05).
Variant annotation and ﬁltering. We annotated the called variants in the VCF
ﬁles using Annovar29, database version 2014-11-12. Of the data Annovar reports,
we used (i) the consequences of the mutations: synonymous, missense, truncating,
splice site, frameshift indel, and in-frame indel, using the RefSeq gene annota-
tions30; (ii) the estimated effect of missense mutations via the MetaLR predictor15,
which combines nine deleteriousness scores including PolyPhen-2, SIFT and
others. We discarded all variants marked as possible artifacts in the ExAC (via
VQSR recalibration scores supplied therein) or that were completely absent from
Cancer type of interest versus all the other cancer samples
. . . . . .
R
D
G
VColon Glioblastoma LiverOvarian
vs.
Test for RDGVs that predispose to one particular cancer type
Randomization of BRCA1 in ovarian cancer versus non-ovarian cancer types
Cancer type of interest versus all the other cancer samples, only for putative LOH sample
. . . . . . RDGV
Colon Glioblastoma LiverOvarian
vs. Putative LOH
F
re
qu
en
cy
−5 10 15
0
40
00
0
0 5
Excess of RDGVs in ovarian cancer samples compared to
non-ovarian cancer samples, only for putative LOH samples (%)
−10
80
00
0
   Observed 
excess (13.18%)
     Median 
excess (0.0%)
Randomized data
12
00
00
0
5
10
15
. . .F
re
qu
en
cy
 o
f R
D
G
V
s
Cluster of all the other cancer types, only for putative LOH samples 
Cluster of cancer type of interest, only for putative LOH samples 
1 10
1 10
Randomizations (500,000 times)
Differece (RDGVs in ovarian-putative LOH samples - RDGVs in non-ovarian putative LOH samples)
Test for RDGVs that predispose to one particular cancer type
Randomization of BRCA1 in ovarian cancer versus non-ovarian cancer types, only for putative LOH samples
b
a
A
T
M
B
R
C
A
1
B
R
C
A
2
M
Y
H
1
K
C
N
G
4
M
N
T
N
O
P
56
N
S
D
1
T
P
C
N
2
A
N
K
2
K
C
N
H
5
N
IP
A
L3
P
R
P
F
8
OV
BRCA
UCEC
LIHC
COADREAD
LUSC
BLCA
GBM
LUAD
KIRC
CESC
LGG
THCA
PRAD
SKCM
STAD
HNSC
ALFRED genes (N = 13)
C
an
ce
r 
ty
pe
 o
f i
nt
er
es
t v
e
rs
u
s 
al
l t
he
 o
th
er
 c
an
ce
r 
sa
m
pl
es
 
0 2 4
Number of  genes 
with P < 0.05
Number of cancer types 
P < 0.05
0
2
A
T
M
B
R
C
A
1
B
R
C
A
2
M
Y
H
1
K
C
N
G
4
M
N
T
N
O
P
56
N
S
D
1
T
P
C
N
2
A
N
K
2
K
C
N
H
5
N
IP
A
L3
P
R
P
F
8
OV
BRCA
UCEC
LIHC
COADREAD
LUSC
BLCA
GBM
LUAD
KIRC
CESC
LGG
THCA
PRAD
SKCM
STAD
HNSC
ALFRED genes (N = 13)
C
an
ce
r 
ty
pe
 o
f i
nt
er
es
t v
e
rs
u
s 
al
l t
he
 o
th
er
  
ca
nc
er
 s
am
pl
es
, o
nl
y 
fo
r 
pu
ta
tiv
e 
LO
H
 s
am
pl
es
0 2
Number of  genes 
with P < 0.05
Number of cancer 
types with P < 0.05
0
2
0
5
P < 0.05
–log10(P-value)
Excess of RDGVs in cancer type of 
interest only for putative LOH samples
2 4
10(%)0.5
0
5
P < 0.05
–log10(P-value)
Excess of RDGVs in 
cancer type of interest 
2 4
10 (%)0.5
Observed
F
re
qu
en
cy
−2
0
40
,0
00
80
,0
00
14
0,
00
0
Excess of RDGVs in ovarian cancer samples 
compared to  non-ovarian cancer samples (%)
0 2 4 6 8
Observed 
excess (7.2%)
Median 
excess (–0.07%)
Randomized data
. . .
Cluster of all the other cancer types
Cluster of cancer type of interest
1
1
Randomizations (500,000 times)
Differece (RDGVs in ovarian cancer samples - RDGVs in non-ovarian cancer samples)
Observed
F
re
qu
en
cy
 o
f R
D
G
V
s
0.0
2.5
5.0
7.5
Fig. 4 ALFRED genes predispose to speciﬁc cancer types. a Enrichment and signiﬁcance of RDGVs in ALFRED genes in each cancer type compared to in all
other cancer samples. b The same analysis but only considering samples with allelic imbalance at the ALFRED gene locus. Genes and cancer types are
ordered as in Fig. 3. Circle size indicates excess of RDGVs within a cancer type and color represents the signiﬁcance (P-value). Blue-border circles indicate
genes that are signiﬁcantly enriched (P < 0.05). The number of detected cancer types (P < 0.05) in each gene and the number of detected genes (P < 0.05)
in each cancer type are presented in the bar plot
ARTICLE NATURE COMMUNICATIONS | DOI: 10.1038/s41467-018-04900-7
8 NATURE COMMUNICATIONS |  (2018) 9:2601 | DOI: 10.1038/s41467-018-04900-7 | www.nature.com/naturecommunications
ExAC. This ﬁltering was performed on the full ExAC, which includes germline
variants of TCGA samples in addition to other non-cancer cohorts. We also dis-
carded double-nucleotide variants annotated by ExAC. Finally, we compared
detection frequencies of common variants (MAF > 5%) across TCGA and three
different control data sets. All pairwise combinations show very strong correlations
(Pearson correlation ranges from 0.92 to 0.99), suggesting that no major sequen-
cing artifacts were observed in our analysis (Supplementary Fig. 3c).
Detecting putative LOH events. In order to determine whether LOH has
occurred in each gene in each tumor sample, we considered all germline var-
iants (both rare and common), taking into consideration both the coding and
noncoding (intronic/UTR) variants. The average number of variants of gene
per sample is highly correlated with gene length (Pearson correlation coefﬁcient
(PCC)= 0.55; Supplementary Fig. 2a). To reduce biases this may introduce,
we added neighboring variants: (1) within 100 kb and (2) extending the window
to 200 kb. The length bias is much reduced after adding neighboring variants
within 100 kb ( PCC = 0.25). Employing an even longer window size (200 kb)
does not further appreciably reduce the correlation between gene length and
number of variants (PCC= 0.18). In conclusion, we reasoned that adding
neighboring variants is warranted in order to lessen the bias wherein longer
genes provide more statistical power to detect LOH and that a window size of
100 kb is sufﬁcient since increasing the window size further is not advantageous.
When testing genes shorter than 100 kb, we extended the examined region
bidirectionally so as to ensure that the gene was represented by variants spanning
at least 100 kb across the chromosome. In the case when a gene is longer than 100
kb, we only considered the variants within that gene but without extending to
include the neighbors. Similarly to calling coding variants, we also limited the
a
b
Number of tested genes (sorted by ALFRED P-value: from most significant gene to least significant gene)
Ex
ce
ss
 o
f R
DG
Vs
 in
 c
as
es
 c
om
pa
re
d 
wi
th
 c
on
tro
ls 
(%
)
CPGs in ALFRED genes(N = 3)
ALFRED genes (N = 10)
Five random sets (N = 13)
−2
0
2
4
6 SKCM
105
−2
0
2
4
BLCA
105
−2.5
0.0
2.5
5.0 LUAD
105
−2
0
2
4
6 THCA
105
−2
0
2
4
6 STAD
105
0
2
4
6 PRAD
105
0
5
10
15
OV
105
0.0
2.5
5.0
7.5
BRCA
105
−2.5
0.0
2.5
5.0
UCEC
105
0
5
10
15
M
ax
.e
xc
es
s 
of
 R
DG
Vs
 in
 c
as
es
 c
om
pa
re
d 
wi
th
 c
on
tro
ls 
(%
)
O
V
BR
CA
UC
EC
TH
CA
ST
AD
PR
AD
SK
CM
BL
CA
LU
AD
LG
G
G
BM
CE
SC
LU
SC
CO
AD
RE
AD
KI
R
C
LI
H
C
H
N
SC
ALFRED genes (N = 13)
Median of five random  sets (N = 13)
Fig. 5 Contribution of ALFRED genes to cancer risk. a Maximum excess of RDGVs in cases compared to controls adding genes sequentially according to
their ALFRED P-value. Genes are randomly ordered in the random sets. Excess was calculated using a randomization for ALFRED genes (colored) and ﬁve
random gene sets of the same size (gray). Error bars indicate 95% conﬁdence interval. b Results for the nine cancer types with largest maximum
enrichment
NATURE COMMUNICATIONS | DOI: 10.1038/s41467-018-04900-7 ARTICLE
NATURE COMMUNICATIONS |  (2018) 9:2601 | DOI: 10.1038/s41467-018-04900-7 | www.nature.com/naturecommunications 9
analyses to genomic regions with sufﬁcient sequencing coverage in the TCGA
samples (see above). Homozygous germline mutations were not included in further
analyses. Before performing a statistical test to call LOH, we applied an effect size
threshold, requiring that the tumor VAF of a germline variant must be either
higher than 0.7 or lower than 0.3. This ensures that the LOH was not a late event
during tumorigenesis, which is an unlikely scenario for an LOH event associated
with cancer-predisposing germline variants. Each variant in a gene (and possibly
surrounding regions) that meets the effect size threshold was further tested
individually using a two-tailed Fisher’s test that compares the read counts
supporting the variant and the reference alleles in the tumor, versus the read counts
supporting the variant and the reference alleles in the normal (noncancerous)
tissue. The P-values from all tested variants corresponding to the gene were then
pooled using Fisher’s method for combining P-values. Finally, we called LOH in
the gene if the nominal pooled P-value was ≤0.05. Applying this cutoff provides
putative LOH labels that are further used as input for the ALFRED test (see below)
that, in turn, provides FDR-adjusted statistical signiﬁcance estimates.
We compared our AI detection method to copy number changes reported using
an independent method (GISTIC analysis of Affymetrix 6.0 SNP array data by
Broad Firehose analysis pipeline31 (http://gdac.broadinstitute.org/)) applied to
9672 TCGA samples. We compared our classiﬁcation (AI or non-AI) to their copy
number alteration (CNA) categories—(i) loss, (ii) neutral, or (iii) gain—for all
tested genes. Our AI events were classiﬁed as losses (44.9%), neutral (31.7%),
and gains (23.4%), which compares to 15%, 67.7% and 23.4%, respectively, for
non-AI events.
Rare damaging germline variants. Rare variants were deﬁned as those whose
frequency was <0.1% in each of the six subpopulations: African/African American
(AFR), Latino (AMR), EAS (East Asian), Finnish (FIN), Non-Finnish European
(NFE), and South Asian (SAS) and also globally in ExAC. Damaging variants were
deﬁned as splicing variants, frameshift indels, nonsense variants, and deleterious
missense variants annotated as “D” (deleterious) by the MetaLR predictor15.
Additionally, we removed the RDGVs that were recurrent at the same position
in more than 1% of our samples (TCGA or control samples), thereby excluding
four variants (17-46608203-A-G, 20-5548206-TC-T, 21-34924148-A-G and
X-2833605-C-T).
Pan-cancer ALFRED analysis. We ﬁrst tested for an excess of RDGVs in samples
with putative LOH compared to in samples without putative LOH of all possible
genes (N= 14,143), collapsing together all SNVs/indels in each gene in each
sample and using the exomes of all 30 cancer types (Supplementary Fig. 5b;
Supplementary Data 1). To increase statistical power, we ﬁrst restricted our analysis
to the genes with high frequency of putative LOH events (above average in our data
set, 10.0%). Next, we applied a threshold fornumber of RDGVs that ensures there is
no inﬂation in the distribution of observed P-values (see below), implying a sta-
tistically well-calibrated test. Finally, 2983 genes were deﬁned as ALFRED tested
genes, which carried at least ﬁve RDGVs (of which at least one with ≥10%
increased VAF of RDGVs in tumor compared to matched normal sample; 6692
genes were excluded that were carrying less than ﬁve RDGVs and, additionally, 329
genes were excluded if they carried no RDGV with ≥10% increased VAF), with an
above-average (10.0%) frequency of putative LOH in the gene in the pan-cancer
data (8809 genes were excluded that were lower than 10.0% frequency of putative
LOH; 4672 genes were carrying less than ﬁve RDGVs and lower putative LOH
frequencies than average frequency of putative LOH; Supplementary Fig, 6a). With
these criteria, the tested ALFRED genes were biased towards larger genes because
larger genes tend to present higher AI and RDGV frequencies (PCC= 0.40
between length and RDGV frequency, PCC= 0.23 between length and LOH fre-
quency; Supplementary Fig. 6b). However, the ALFRED method is designed to test
for the co-occurrence of LOH events and RDGV, and we observed only a very weak
correlation between ALFRED P-value (as −log10 P) and gene length (PCC= 0.09).
To determine the signiﬁcance of the excess of RDGVs in putative LOH samples
compared to in samples without putative LOH, we applied a randomization
procedure that controls for the population stratiﬁcation by randomizing the labels
within subpopulation clusters determined by PCA analysis (see below, Controlling
for population structure in the randomization test).
To evaluate the inﬂuence of known CPGs on the identiﬁcation of ALFRED
genes, we performed an FDR correction only considering a set of known somatic
cancer genes (meaning, the known germline CPGs were excluded). We detected
ﬁve genes at FDR 20%, of which four genes (MYH1, NSD1, NOP56, and PRPF8)
overlap with our initial design, and additionally INO80 (ALFRED P= 1.03 × 10−3)
was newly detected. This supports the notion that ALFRED analysis could identify
putative novel genes even without including known CPGs.
To ensure the robustness of our ALFRED method, we considered possible
confounding factors. Several biological features of the tumors could affect our LOH
estimates, such as genomic instability, burden of RDGVs, sample purity, ploidy,
intra-tumor heterogeneity, and patient age (see section below, Associating AI
frequency with biological features). We evaluated the association between these
factors and the frequencies of our AI calls or RDGV frequencies, but found no
evidence of confounding (Supplementary Fig. 11). While AI frequencies do show
positive correlations with genomic instability (PCC = 0.34), ploidy (PCC= 0.36),
and patient age (PCC= 0.11) in the pan-cancer analysis, the ALFRED analysis—
which considers the overlap of RDGVs and AI events—does not appear to be
overly affected by these biological features (Supplementary Fig. 11c–e).
The ALFRED method was also robust to other possible confounders: (1)
sequencing artifacts due to whole-genome ampliﬁcation (in OV and LAML
samples; Supplementary Fig. 12a), (2) somatic second hits not due to LOH but due
to somatic truncation mutations (Supplementary Fig. 12b; Supplementary
Data 11), (3) apparent LOH events which might be due to ampliﬁcation of the
wild-type allele (Supplementary Fig. 12f), and (4) presence of haploinsufﬁcient
genes (Supplementary Fig. 12g). In all such cases, the distributions of –log10
P-values of the ALFRED test were stable (PCC between original and ﬁltered data
sets= 0.83 to 0.97, see Supplementary Fig. 12a, b and f).
We also explored the possibility that the ALFRED analysis could identify genes
with dominant gain-of-function variants. Genes with dominant gain-of-function
variants would not be signiﬁcant in ALFRED analysis (e.g., no excess of RDGVs in
AI samples compared to no-AI samples), but would be signiﬁcant in the
case–control analysis, meaning the variants are enriched in cancer patients in
comparison to the general population. We observed that 44 genes presented low
effect size of ALFRED analysis (RR for the excess of putative LOH events in
samples with RDGVs compared to without RDGVs, RR < 1.0), but were nominally
signiﬁcant in the case-control analysis (unadjusted P < 0.05). There are four
somatic drivers (not classiﬁed as TSs or OGs) and one OG (JAK2, RR= 0.98,
case–control P= 9.28 × 10−4) detected (genes are labeled in Supplementary
Fig. 12e). While our initial ALFRED analysis was not explicitly designed to
identify cancer predisposition genes with dominant-negative effects, this result
suggests that indeed some cancer genes with a dominant effect might be
identiﬁed in the future by applying custom-developed methods to cancer
sequencing data.
ALFRED analysis of individual cancer types. We performed the same analysis for
each of 17 cancer types with >300 samples, a total of 8283 samples (82% of all
samples): BLCA, BRCA, cervical squamous cell carcinoma and endocervical
adenocarcinoma (CESC), COADREAD, glioblastoma multiforme (GBM), HNSC,
KIRC, low-grade glioma (LGG), liver hepatocellular carcinoma (LIHC), LUAD,
LUSC, ovarian serous carcinoma (OV), PRAD, skin cutaneous melanoma (SKCM),
stomach adenocarcinoma (STAD), THCA, uterine corpus endometrial carcinoma
(UCEC). As in the pan-cancer analysis, in each cancer type we required the
putative LOH frequency to be above the average putative LOH frequency recorded
across all samples (10.0%). To avoid inﬂation of the P-value distribution, we
adjusted the requirement for the number of samples carrying a RDGV in each
cancer type as follows: more than two case (samples with LOH event) or control
samples (samples without LOH event) with a RDGVs in THCA, more than three in
ﬁve cancer types (CESC, KIRC, OV, PRAD, and UCEC), more than four in GBM,
more than ﬁve in four cancer types (BLCA, LGG, LIHC, and LUSC), more than six
in three cancer types (BRCA, COADREAD, and HNSC), more than seven in
SKCM, more than nine in two cancer types (LUAD and STAD).
To check the robustness of ALFRED analysis of single cancer types, we have
also conﬁrmed results in the case when FDR correction was performed across the
statistical tests in 17 cancer types considered together (in the same manner as for
the pan-cancer analysis; Supplementary Fig. 12d and Supplementary Data 10).
Four genes (six associations) were detected in at least one individual cancer type
after merging all the cancer types together (FDR= 20%) and all four genes
overlapped with the genes detected when FDR correction was done in each cancer
type separately.
PTV-only ALFRED analysis. Additionally, we designed a PTV-ALFRED model
that tested for an excess of rare PTVs (without considering rare deleterious mis-
sense variants) in tumor samples with a putative LOH event over samples without
putative LOH in a pan-cancer analysis and in 17 individual cancer types (Sup-
plementary Fig. 8b and e). We restricted our analysis to genes with a high fre-
quency of putative LOH events and deﬁned a threshold of the number of rare PTVs
that ensures no inﬂation and no deﬂation in the distribution of observed P-values
(lambda= 0.96). In the pan-cancer analysis, 174 genes were included in the PTV-
ALFRED model with at least ﬁve rare PTVs (Supplementary Data 12). We also
used a PTV-ALFRED model to analyze each of the 17 cancer types and three genes
were signiﬁcant in at least one individual cancer type (Supplementary Fig. 8e;
Supplementary Data 13).
RDGV frequency analyses. To further evaluate the contribution of RDGVs in the
ALFRED genes towards cancer risk, we designed three different tests and applied
a randomization procedure to each of them in order to determine the statistical
signiﬁcance and the effect size.
(1) Cancer patients versus control exomes: we tested for an excess of RDGVs in
cases (all TCGA samples) versus controls (the general population). We also
performed the same analysis for 17 individual cancer types separately
(Supplementary Fig. 6d).
(2) Cancer type of interest versus cancer samples of all other cancer types: we
tested for an excess of RDGVs in one TCGA cancer type compared to in all
the other TCGA samples (e.g., breast cancer versus non-breast cancers) for
each of the 17 cancer types (Supplementary Fig. 6e).
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(3) Cancer type of interest versus all the other cancer types for putative
LOH samples only: we tested for an excess of RDGVs in samples of each of
the 17 cancer types versus samples of the other cancer types as above but
only considering samples with putative LOH at the locus being tested
(Supplementary Fig. 6f).
To evaluate the robustness of our second RDGV frequency analysis, we sought
to determine whether our analysis could distinguish the cancer type-speciﬁc
enrichment when some genes predispose to more than one cancer type (e.g.,
BRCA1 in OV and BRCA). We have tested this possibility by performing an
analysis in which we tested each cancer type of interest versus all the remaining
cancer samples, but excluding one of the other types. Then we repeated this
analysis for all ‘other’ cancer types one-by-one (e.g., breast cancer versus non-
breast cancer types except ovarian cancer; then, breast versus non-breast cancer
types except bladder cancer etc.). For each cancer type, we therefore repeated this
test 16 times, excluding each one of the remaining types. The distribution of P-
values with this modiﬁed tissue-speciﬁcity analysis is rather similar to our initial
design (Supplementary Fig. 12c), suggesting the general robustness of our initial
analysis. One novel association (ATM in COADREAD) becomes nominally
signiﬁcant in this modiﬁed tissue-speciﬁcity analysis (P-value changed from 5.3 ×
10−2 to 2.7 × 10−2). Also, as expected, BRCA1 in BRCA presented a slightly better
supported association in the modiﬁed tissue-speciﬁcity analysis (breast cancer
versus non-breast cancer types except ovarian cancer) (P < 2.0 × 10−6) compared to
the previous analysis (breast cancer versus non-breast cancer types; P < 8.4 × 10−5).
Controlling for population structure. Many germline variants from whole-exome
or genome sequencing data are expected to vary according to the ethnicities of the
individuals within the cohort. This is evident in PCA plots of germline variation19
and may confound genome-wide association studies32. We thus employed a ran-
domization test that controls for population stratiﬁcation by comparing matched
samples only within subpopulations (Supplementary Fig. 5i; see the Randomization
algorithm section), as described in ref. 11. Past work using simulated data suggests
that such matching controls for P-value inﬂation equally well or better than the
approach where the population PCs are included as covariates in regression13.
To deﬁne the subpopulations in our data, we performed a PCA with only the
common germline variants (≥5% MAF in ExAC). For the ALFRED analyses and
the cancer type of interest versus all other cancers analyses, we performed the PCA
only on the TCGA samples. For the other case–control analyses we performed the
PCA on both the TCGA and control samples. We used the ﬁrst four PCs to cluster
the individuals using the tclust package in R (Supplementary Fig. 3a and d)33, a
robust clustering algorithm that trims outlying samples34. We grouped samples
into k= 10 clusters for both the TCGA-only analysis and also k = 10 separately for
the TCGA plus controls analysis.
Stratiﬁed randomization algorithm. We aggregated together the RDGVs in each
gene11,12. Each sample was then assigned as carrying (‘1’) or not carrying (‘0’) at
least one of such qualifying variants. To determine the statistical signiﬁcance of the
excess of RDGVs, we applied a randomization procedure to each of the different
testing scenarios described above, in which the labels of the individuals are ran-
domized within population strata (clusters determined on principal components of
the common variant matrix; see above), but they are not randomized across strata.
The labels are (i) in the ALFRED analysis: 1, putative LOH sample, 0, no-LOH
sample; (ii) in the case versus control analysis: 1, cancer sample, 0, control sample;
(iii) in the cancer type of interest versus all other cancer types analysis: 1, cancer
type of interest; 0, all other cancer types; (iv) in the cancer type of interest versus all
of the other cancer types analysis only for putative LOH samples: 1, putative LOH
samples in the cancer type of interest; 0, putative LOH samples in all other cancer
types. In each iteration the test statistic is computed, which is the difference
between (i) the relative frequency of samples (individuals) carrying RDGVs in the
tumors with putative LOH and (ii) the relative frequency of samples carrying
RDGVs in the tumors without putative LOH. Of note, the LOH tumors and the no-
LOH tumors can be substituted with cases and controls, respectively, thereby
allowing the same randomization procedure to be applied to the case–control
analysis; see above for details. In other words, we test for signiﬁcant excess of the
proportion of the RDGV-bearing gene in cancer patients exhibiting putative LOH,
or, equivalently, the excess of the proportion of putative LOH-exhibiting gene in
samples bearing a RDGV.
We randomized 500,000 times to determine an empirical P-value, which is the
number of randomizations reporting an equal or higher value of the test statistic
for a given gene than was observed in the actual data. We examined the
distributions of P-values across test genes using quantile–quantile (Q–Q) plots,
which indicated no inﬂation in the individual randomization experiments (lambda
ranges from 0.1 to 1.0; Supplementary Fig. 6c). FDRs were calculated using the
Benjamini–Hochberg method35. In addition to the signiﬁcance call for each gene,
we also report the effect sizes, which are found by subtracting the median test
statistic (excess % RDGV-carrying genes) across all randomization iterations from
the observed value of the test statistic in the actual data. This effect size quantiﬁes
the observed excess of individuals harboring RDGV over a random distribution,
while accounting for the population structure. Moreover, we also report the 95%
conﬁdence interval (CI) of the effect sizes, whose upper and lower bounds were
found by subtracting the 2.5th and the 97.5th percentile of the randomized
distribution from the observed value of the test statistic, respectively
(Supplementary Data 3).
In addition to testing individual genes, we also tested for signiﬁcance of a set of
ALFRED genes pooled together. These were tested similarly as for individual genes
as above, except that here the set of genes in question is effectively treated as a
single concatenated gene. In other words, we quantiﬁed the relative frequency of
individuals harboring a RDGV in any of the genes in the set versus the individuals
without RDGVs in any of the genes in the set. The P-values, effect sizes, and
conﬁdence intervals were calculated as above. The reported effect size can again be
interpreted as an excess relative frequency of individuals harboring a RDGV in any
of the genes in this set, adjusted for a baseline deﬁned by the population
stratiﬁcation.
Test for direction of AI. As described above, the ﬁrst step in the ALFRED method
is a test for an excess of RDGVs in samples exhibiting AI. The second step is a test
for the direction and for the magnitude of AI that ensures that it is the wild-type
allele that is commonly lost, and not the RDGVs. In particular, we quantify the
VAF difference of the RDGV between the normal tissue and the tumor sample. If
the VAF of the RDGV is increased by ≥10% in the tumor compared to the normal
sample, that particular tumor sample is considered to have a putative two-hit event;
if the VAF of the RDGV is increased by less than 10% or it is decreased, there is no
two-hit event in that tumor. Next, for each gene, we test if there is an enrichment of
such two-hit events (where the RDGV increases in VAF ≥ 10%) in AI samples
compared to in no-AI. This is determined by using a binomial test (one-tailed),
where the baseline relative frequency of the putative two-hit events is determined
from their counts in the no-AI samples for that same gene.
Of note, the test for direction of AI additionally imposes a threshold for effect
size: at least 10% VAF increase is required, and smaller increases do not count
towards the ﬁnal tally of putative LOH events. This is a conservative ﬁlter, since it
discards the more subtle increases in VAFs. To empirically estimate the effects of
the 10% cutoff, we examined the samples containing rare truncating (nonsense
or frameshift indel) variants of six genes that were previously associated with
inherited ovarian carcinoma36(BRCA1, BRCA2, MSH6, PALB2, RAD51, and TP53)
in the TCGA ovarian cancer data (N= 51 in our data set); these were the putative
true positive LOH events. Then, we randomly shufﬂed 100,000 times the VAFs
between the tumors and matched normal samples, thereby obtaining the empirical
distributions for the null hypothesis of no-VAF differences between tumor and
normal samples (in effect, we simulated the putatively true negative events). The
≥10% threshold for VAF increase is indeed near-optimal on the receiver operating
characteristic curve created using 51 rare truncation variants of the six genes,
shown in Supplementary Fig. 5g (sensitivity= 0.92; speciﬁcity= 0.74; balanced
accuracy= 0.83). A higher VAF increase threshold (≥20%) threshold results in an
inﬂated P-value distribution (lambda= 1.3), which is not desirable. Finally, to
combine the two ALFRED tests in a conservative manner, we retain the less
signiﬁcant P-value of the two tests: (i) the AI-RDGV co-occurrence test and (ii) the
AI direction test, thereby obtaining the ﬁnal ALFRED P-value (Fig. 1).
Estimating the contribution of ALFRED genes to cancer. We prepared seven
gene sets to compare the maximum excess of RDGVs in cases compared to con-
trols: known CPGs that were also discovered by ALFRED (N= 3), ALFRED genes
as a full set (N= 13), and without known CPGs (N= 10), CPGs known to pre-
dispose to particular cancer types from literature (N= 1 (CESC) to 11 (GBM))2,10,
all known CPGs considered as a full set (N= 46), and the union of ALFRED genes
and the CPGs (N= 56), and additionally sets of random genes (Supplementary
Fig. 10). For the random control, the same number of genes as for the ALFRED
genes (Fig. 5) or the combination of ALFRED genes and CPGs (Supplementary
Fig. 10) were randomly selected ﬁve times from a general set of genes (N= 2983
which were analyzed in the pan-cancer ALFRED analysis; this excludes the
ALFRED genes and known CPGs) and calculated the median values of these
excesses of RDGVs in cases versus controls. For the three gene sets that included
ALFRED genes (13 ALFRED genes, 3 known CPGs in ALFRED genes, 10 ALFRED
genes without CPGs), the genes were added sequentially according to their
ALFRED P-values for each cancer type, most signiﬁcant gene (lowest P-value) ﬁrst.
For the four remaining gene sets that did not use information from the ALFRED
test (i.e. ALFRED P-values), the genes were randomly ordered. For the full set of
known CPGs, we ﬁrst added genes known to predispose to each particular cancer
type (e.g., BRCA1 in ovarian cancer was added before others), after that randomly
introducing the rest of the genes.
Known cancer gene sets. A total of 110 known germline CPGs and the cancer
types they predispose to were compiled from two sources; 67 from the Cancer Gene
Census (CGC)10 and 99 from a recently published review paper including four
Lynch syndrome-associated genes (MLH1, MSH2, MSH6, and PMS2)2 (Supple-
mentary Data 14). Fifty-eight genes were shared between the two sets. In addi-
tion, 112 DNA damage response genes were obtained from a recently published
review paper (37 genes overlapped with known CPGs)37. A total of 1695 somatic
drivers were compiled from four sources: 409 known somatic cancer genes were
from the CGC, 480 genes were compiled from nine sources including large-scale
cancer studies, publicly available screening panels and unpublished analysis of
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public available data sets38, 876 candidate cancer genes from Broad Firehose
determined by MutSig2CV39 (FDR ≤ 25% in any cancer type, http://gdac.
broadinstitute.org/), and 431 candidate TSs and OGs by TUSON (FDR ≤ 20%)40.
Three hundred and sixty-three compiled TS genes were obtained from Srivas
et al.41, including CGC, driver genes by Vogelstein et al.42, CancerGenes resource
by MSKCC43, and those predicted by TUSON. 209 OGs were obtained from CGC,
from Vogelstein et al.42 and predicted by TUSON. With respect to overlap, 373
genes were common to at least two of the four sources and 1322 genes were present
in only one data set. Within our 2983 tested genes, 46 were CPGs and 329
were somatic drivers (without overlap with CPGs) (Fig. 2a).
Genomic data from TCGA. Data were obtained from TCGA Genome Data
Analysis Center (GDAC) Firehose (http://gdac.broadinstitute.org/; downloaded in
January 2016). Somatic variants were extracted from the level 4 Mutation Anno-
tation Format (MAF) ﬁles in 8715 samples from 27 cancer types (8156 samples
overlapped our set) and ﬁltered to include only nonsynonymous variants in the
coding region. Genomic copy number alteration (CNA) data (Affymetrix SNP6
platform) were extracted from the GISTIC2 (ref. 44) processing pipeline in
10,638 samples in 29 cancer types (9672 samples overlapped our set).
Associating AI frequency with biological features. Estimated ploidies were
derived from genome-wide copy number data using ABSOLUTE method in 4957
TCGA samples45, of which 4113 samples overlapped with our data (downloaded
from https://www.synapse.org/#!Synapse:syn1710466). Sample purity was calcu-
lated from the ESTIMATE method by measuring noncancerous components of the
tumor samples as reported in Aran et al.46 in 9364 TCGA samples (8276 samples
overlapped with our data). The degree of intra-tumor heterogeneity (ITH) across
17 cancer types (11 cancer types were overlapped with our data) was obtained from
McGranahan et al.47. It was deﬁned as the absolute numbers of heterogeneous non-
silent mutations divided by the sum of absolute numbers of heterogeneous and
homogeneous non-silent mutations.
Code availability. The LOH and randomization codes are available upon request.
Data availability. This paper reanalyzes TCGA whole exome sequencing (retreived
from https://cghub.ucsc.edu/) and control samples (WHI, https://esp.gs.
washington.edu/drupal/; UK10K, http://www.uk10k.org/; 1000 genomes, http://
www.internationalgenome.org/). TCGA and control data sets are available upon
request from dbGaP under accession phs000178 (TCGA) and phs000200 (WHI),
and the study authors (1000 genomes and UK10K). The data set of rare variants is
from the ExAC Browser version 0.3(http://exac.broadinstitute.org/). All other
relevant data are available from the corresponding author on request.
Received: 10 November 2017 Accepted: 4 June 2018
References
1. Broca, P. Traite des tumeurs (Asselin, Paris, 1866).
2. Rahman, N. Realizing the promise of cancer predisposition genes. Nature 505,
302–308 (2014).
3. Knudson, A. G. Jr. Mutation and cancer: statistical study of retinoblastoma.
Proc. Natl. Acad. Sci. USA 68, 820–823 (1971).
4. Knudson, A. G. Two genetic hits (more or less) to cancer. Nat. Rev. Cancer 1,
157–162 (2001).
5. Alexandrov, L. B. & Stratton, M. R. Mutational signatures: the patterns of
somatic mutations hidden in cancer genomes. Curr. Opin. Genet. Dev. 24,
52–60 (2014).
6. Pritchard, C. C. et al. Inherited DNA-repair gene mutations in men with
metastatic prostate cancer. N. Engl. J. Med. 375, 443–453 (2016).
7. Ballinger, M. L. et al. Monogenic and polygenic determinants of sarcoma risk:
an international genetic study. Lancet Oncol. 17, 1261–1271 (2016).
8. Lu, C. et al. Patterns and functional implications of rare germline variants
across 12 cancer types. Nat. Commun. 6, 10086 (2015).
9. Zhang, J. et al. Germline mutations inpredisposition genes in pediatric cancer.
N. Engl. J. Med. 373, 2336–2346 (2015).
10. Futreal, P. A. et al. A census of human cancer genes. Nat. Rev. Cancer 4,
177–183 (2004).
11. Kiezun, A. et al. Exome sequencing and the genetic basis of complex traits.
Nat. Genet. 44, 623–630 (2012).
12. Pirinen, M., Donnelly, P. & Spencer, C. C. Including known covariates can
reduce power to detect genetic effects in case-control studies. Nat. Genet. 44,
848–851 (2012).
13. Wang, C. et al. Ancestry estimation and control of population stratiﬁcation for
sequence-based association studies. Nat. Genet. 46, 409–415 (2014).
14. Lek, M. et al. Analysis of protein-coding genetic variation in 60,706 humans.
Nature 536, 285–291 (2016).
15. Dong, C. et al. Comparison and integration of deleteriousness prediction
methods for nonsynonymous SNVs in whole exome sequencing studies.
Hum. Mol. Genet. 24, 2125–2137 (2015).
16. Ryland, G. L. et al. Loss of heterozygosity: what is it good for? BMC Med.
Genomics 8, 45 (2015).
17. Ahmed, M. & Rahman, N. ATM and breast cancer susceptibility. Oncogene
25, 5906–5911 (2006).
18. Walter, K. et al. The UK10K project identiﬁes rare variants in health and
disease. Nature 526, 82–90 (2015).
19. Auton, A. et al. A global reference for human genetic variation. Nature 526,
68–74 (2015).
20. Hays, J. et al. The Women’s Health Initiative recruitment methods and results.
Ann. Epidemiol. 13, S18–S77 (2003).
21. The Cancer Genome Atlas Research Network. Comprehensive genomic
characterization of head and neck squamous cell carcinomas. Nature 517,
576–582 (2015).
22. Dotto, G. P. & Rustgi, A. K. Squamous cell cancers: a uniﬁed perspective on
biology and genetics. Cancer Cell 29, 622–637 (2016).
23. Berdasco, M. et al. Epigenetic inactivation of the Sotos overgrowth syndrome
gene histone methyltransferase NSD1 in human neuroblastoma and glioma.
Proc. Natl. Acad. Sci. USA 106, 21830–21835 (2009).
24. Su, X. et al. NSD1 inactivation and SETD2 mutation drive a convergence
toward loss of function of H3K36 writers in clear cell renal cell carcinomas.
Cancer Res. 77, 4835–4845 (2017).
25. Kurotaki, N. et al. Haploinsufﬁciency of NSD1 causes Sotos syndrome.
Nat. Genet. 30, 365–366 (2002).
26. Wilks, C. et al. The Cancer Genomics Hub (CGHub): overcoming cancer
through the power of torrential data. Database (Oxford) 2014, 10.1093/
database/bau093 (2014).
27. Raczy, C. et al. Isaac: ultra-fast whole-genome secondary analysis on Illumina
sequencing platforms. Bioinformatics 29, 2041–2043 (2013).
28. Buckley, A. R. et al. Pan-cancer analysis reveals technical artifacts in TCGA
germline variant calls. BMC Genomics 18, 458 (2017).
29. Wang, K., Li, M. & Hakonarson, H. ANNOVAR: functional annotation of
genetic variants from high-throughput sequencing data. Nucleic Acids Res. 38,
e164 (2010).
30. Pruitt, K. D. et al. RefSeq: an update on mammalian reference sequences.
Nucleic Acids Res. 42, D756–D763 (2014).
31. Beroukhim, R. et al. Assessing the signiﬁcance of chromosomal aberrations in
cancer: methodology and application to glioma. Proc. Natl. Acad. Sci. USA
104, 20007–20012 (2007).
32. Mathieson, I. & McVean, G. Differential confounding of rare and common
variants in spatially structured populations. Nat. Genet. 44, 243–246 (2012).
33. Fritz, H., García-Escudero, L. A. & Mayo-Iscar, A. tclust: an R package for a
trimming approach to cluster analysis. J. Stat. Software 47, 10.18637/jss.v047.
i12 (2012).
34. García-Escudero, L. A., Gordaliza, A., Matrán, C. & Mayo-Iscar, A. A review
of robust clustering methods. Adv. Data Anal. Classif. 4, 89–109 (2010).
35. Benjamini, Y. & Hochberg, Y. Controlling the false discovery rate—a practical
and powerful approach to multiple testing. J. R. Stat. Soc. B57, 289–300
(1995).
36. Walsh, T. et al. Mutations in 12 genes for inherited ovarian, fallopian tube,
and peritoneal carcinoma identiﬁed by massively parallel sequencing.
Proc. Natl. Acad. Sci. USA 108, 18032–18037 (2011).
37. Pearl, L. H., Schierz, A. C., Ward, S. E., Al-Lazikani, B. & Pearl, F. M.
Therapeutic opportunities within the DNA damage response. Nat. Rev. Cancer
15, 166–180 (2015).
38. Xie, M. et al. Age-related mutations associated with clonal hematopoietic
expansion and malignancies. Nat. Med. 20, 1472–1478 (2014).
39. Lawrence, M. S. et al. Mutational heterogeneity in cancer and the search for
new cancer-associated genes. Nature 499, 214–218 (2013).
40. Davoli, T. et al. Cumulative haploinsufﬁciency and triplosensitivity
drive aneuploidy patterns and shape the cancer genome. Cell 155, 948–962
(2013).
41. Srivas, R. et al. A network of conserved synthetic lethal interactions for
exploration of precision cancer therapy. Mol. Cell 63, 514–525 (2016).
42. Vogelstein, B. et al. Cancer genome landscapes. Science 339, 1546–1558
(2013).
43. Higgins, M. E., Claremont, M., Major, J. E., Sander, C. & Lash, A. E.
CancerGenes: a gene selection resource for cancer genome projects. Nucleic
Acids Res. 35, D721–D726 (2007).
44. Mermel, C. H. et al. GISTIC2.0 facilitates sensitive and conﬁdent localization
of the targets of focal somatic copy-number alteration in human cancers.
Genome Biol. 12, R41 (2011).
45. Carter, S. L. et al. Absolute quantiﬁcation of somatic DNA alterations in
human cancer. Nat. Biotechnol. 30, 413–421 (2012).
ARTICLE NATURE COMMUNICATIONS | DOI: 10.1038/s41467-018-04900-7
12 NATURE COMMUNICATIONS |  (2018) 9:2601 | DOI: 10.1038/s41467-018-04900-7 | www.nature.com/naturecommunications
46. Aran, D., Sirota, M. & Butte, A. J. Corrigendum: systematic pan-cancer
analysis of tumour purity. Nat. Commun. 7, 10707 (2016).
47. McGranahan, N. & Swanton, C. Clonal heterogeneity and tumor evolution:
past, present, and the future. Cell 168, 613–628 (2017).
Acknowledgements
We thank Nicholas McGranahan for sharing ITH data of 12 cancer types and Joe Ryan
Delaney for sharing dosage-sensitive genes. This work was supported by a European
Research Council (ERC) Consolidator grant (616434), the AXA Research Fund, the
Spanish Ministry of Economy and Competitiveness (BFU2011-26206 and ‘Centro de
Excelencia Severo Ochoa 2013–2017’ SEV-2012-0208), the Agencia de Gestio d’Ajuts
Universitaris i de Recerca (AGAUR), FP7 project 4DCellFate (277899), the EMBL-CRG
Systems Biology Program and the CERCA Programme of the Generalitat de Catalunya.
F.S. was also supported by FP7 grants MAESTRA (ICT-2013-612944) and InnoMol
(FP7-REGPOT-2012-2013-1-316289). S.P. was funded by a Postdoctoral Fellowship
from Novartis and by the Juan de la Cierva program (MINECO). The results published
in this study are in part based upon data generated by The Cancer Genome Atlas project
established by the NCI and NHGRI. Information about TCGA and the investigators and
institutions who constitute the TCGA research network can be found at https://
cancergenome.nih.gov/. We also acknowledge the 1000 genomes project, the Women’s
Health Initiative, and UK10K as the sources of primary data.
Author contributions
S.P. performed all analyses. F.S. and S.P. compiled and performed quality control on the
exome sequencing data. F.S. designed methods for testing variant burden and for LOH
calling. B.L. conceived the two-hit test. S.P., F.S., and B.L. designed analyses, evaluated
the results, and wrote the manuscript.
Additional information
Supplementary Information accompanies this paper at https://doi.org/10.1038/s41467-
018-04900-7.
Competing interests: The authors declare no competing interests.
Reprints and permission information is available online at http://npg.nature.com/
reprintsandpermissions/.
Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional afﬁliations.
Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons license and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this license, visit http://creativecommons.org/
licenses/by/4.0/.
© The Author(s) 2018
NATURE COMMUNICATIONS | DOI: 10.1038/s41467-018-04900-7 ARTICLE
NATURE COMMUNICATIONS |  (2018) 9:2601 | DOI: 10.1038/s41467-018-04900-7 | www.nature.com/naturecommunications 13
